Nitrogen is an essential macronutrient for plant growth and basic metabolic processes. The application of nitrogen-containing fertilizer increases yield, which has been a substantial factor in the green revolution 1 . Ecologically, however, excessive application of fertilizer has disastrous effects such as eutrophication 2 . A better understanding of how plants regulate nitrogen metabolism is critical to increase plant yield and reduce fertilizer overuse. Here we present a transcriptional regulatory network and twenty-one transcription factors that regulate the architecture of root and shoot systems in response to changes in nitrogen availability. Genetic perturbation of a subset of these transcription factors revealed coordinate transcriptional regulation of enzymes involved in nitrogen metabolism. Transcriptional regulators in the network are transcriptionally modified by feedback via genetic perturbation of nitrogen metabolism. The network, genes and gene-regulatory modules identified here will prove critical to increasing agricultural productivity.
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The root system takes up and metabolizes bio-available nitrogen and transduces nitrogen signals. In response to reduced nitrogen availability, plant development is adjusted-this includes increased lateral root elongation to forage for nitrogen 3 . Above ground, rosette size is decreased and plants flower earlier 4 . Diverse molecular events underlie these morphological changes. Nitrogen transporters, assimilation enzymes and signalling factors are transcriptionally regulated in response to changes in available nitrogen 5 . Post-transcriptional, calcium-and phosphorylation-dependent signalling cascades are also critical regulators of this transcriptional response 6 . Concomitantly, carbon metabolism and hormone pathways are also altered to adjust metabolic pathways and plant growth 7 . Sixteen transcription factors in Arabidopsis thaliana have previously been identified to have a role in nitrogen metabolism [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] (Supplementary Table 1 ), through a range of approaches that includes systems-level studies 16, 20 . Despite the importance of the root system in regulating responses to nitrogen, only seven of these transcription factors have previously been shown to regulate root development in a nitrogen-dependent manner 8, 9, 11, [14] [15] [16] [17] . Using enhanced yeast one-hybrid assays, we screened for transcription factors that regulate nitrogen metabolism 21, 22 . Because nitrogen metabolism is interconnected with a range of different processes, we included target promoters from genes associated with nitrogen transport (12 promoters), assimilation (11 promoters), signalling (2 promoters), connections to nitrogen metabolism through amino acid metabolism (5 promoters), carbon metabolism (10 promoters), carbon transport (4 promoters), organ growth (5 promoters) and hormone responses (7 promoters) as well as associated transcription factors (12 promoters) (Supplementary Table 2 ). We screened these promoters against transcription factors expressed in roots. The resulting network comprises 1,660 interactions between 431 genes, 345 transcription factors and 98 promoters ( Table 3a) . We call this network the 'yeast one-hybrid network for nitrogen-associated metabolism' (YNM). Our assays captured previously characterized interactions: NLP7 physically binds to and regulates expression of NIR1 and CIPK8, and NLP6 binds to and regulates expression of NIR1 13, 23 . Within the YNM we found what is, to our knowledge, a previously undescribed putative hierarchical regulation of transcription factors-including both known nitrogen-regulatory transcription factors and transcription factors identified in this studythat bind to promoters of genes in many processes, such as the nitrate assimilation pathway (Fig. 1b, Supplementary Table 3b) . A signalling cascade that links the nitrate-mediated regulation of Ca 2+ -sensor protein kinases to transcriptional regulation via NLP7 is also significantly overrepresented in the YNM 6 (P = 2.14 × 10 −9
) (Extended Data Fig. 2a , Supplementary Table 4a ). Moreover, the YNM is enriched for hormoneregulated genes, which supports previous findings that hormone signalling is integrated into the regulation of nitrogen metabolism 9, 24 (see Methods, Extended Data Figs. 2b-h, Supplementary Table 4b-h). The highly combinatorial nature of interactions is consistent with previous studies that suggest that transcription factors that are central within the YNM may regulate multiple processes that are related to nitrogen metabolism 23 . NLP7 bound to promoters of seven nitrogen-associated categories (Supplementary Table 3c ). One hundred and seventy-five transcription factors from the YNM were found to bind to gene promoters that are involved in more than one nitrogen-associated process (Supplementary Table 2d) .
We used a variety of datasets and approaches to rank transcription factors in the YNM for functional validation. First, under the premise that transcription factors and their targets are co-expressed upon changes in nitrogen availability, we prioritized highly correlated transcription factors and targets for a nitrogen treatment and a celltype-specific dataset (Supplementary Tables 5, 6 ). This approach does not exclude the possibility of detecting self-regulating repressors or activators. Second, we used the network analysis algorithm NeCorr (see Methods, Supplementary Table 7) . Third, transcription factors were evaluated for their outgoing connectivity (Supplementary  Table 3e ). Additionally, transcription factors were considered given the total number and percentage of targets that are classical nitrogenmetabolism genes (Supplementary Table 8 ). As a positive control, we included mutants of the transcription factors NLP7 and GNC, and the transceptor NPF6.3 (also known as NRT1.1 or CHL1) 11, 25, 26 . Perturbation of nitrogen metabolism in npf6.3 (also known as nrt1.1 or chl1) and nrt2.1 plants alters lateral root initiation and/or lateral root elongation 27, 28 . With the hypothesis that these transcription factors regulate nitrogen metabolism and nitrogen status, we examined their mutant root system architecture (RSA) (see Methods) under limiting (1 mM KNO 3 ) and sufficient nitrogen (10 mM KNO 3 ) (Extended Data Fig. 3, Supplementary Table 2c ).
Mutant alleles of seventeen genes that we identify here showed significant changes in at least one RSA trait relative to wild type (Supplementary Tables 9, 10 , Supplementary Data 1, 2). chl1-5-a Letter reSeArCH Fig. 1 for the full diagram, including gene names. Rectangles, promoters; ovals, transcription factors; and diamonds, genes represented as both promoters and transcription factors. Nitrogen-associated biological processes are indicated by promoter colour. A grey line indicates an interaction between transcription factor and promoter. Light green, nitrogen transporter; yellow, organ growth; dark green, nitrate assimilation; light purple, nitrogen signalling; light blue, nitrogen-linked; orange, carbon metabolism; red, ethylene; dark blue, auxin; teal, carbon transporter; dark purple, amino acid metabolism; and pink, transcription factors linked to nitrogen. b, Transcription factorpromoter interactions that are associated with nitrate assimilation are hierarchical. Edges participating in hierarchical regulation going into the transcription factors (diamonds) are blue, and outgoing edges from the transcription factors are orange. The NLP7 and NLP6 regulators are in the first tier of transcription-factor binding to assimilation enzymes. BBX16   RFNR2   NIR1   RFNR1   CIPK23   CIPK8   NIA2   NIA1   ORS1   ORS2   ARL   SIZ1   ARGOS   TOPP4   LBD4   EEL   GLT1   GLN1;3   CNX2   GLN2   GLN1;2   UPM1   TOPP9  TOPP5   TOPP6   XERICO   PFT1  TSD2   ANR1   HAT22   VIP1   LBD37   NF-YB13  GNC   G6PD3   PGM2   G6PD2   MMDH2   PPC3   PGI1   TKL1   MDH   PGM1   IDH1   AFB2   TOPP3   AT3G48450   TOPP1   NLA  TOPP2   ALN   ELF3  SWEET12  AT1G53660  MSS1  SUC2   ACS8   RTE1   ACS4   ACS9   ACS5   ACS11   AFB3   ARF8   CCA1  BHLH49   ERF4   NLP6   MYB56   NFYA5   MYB73   ERF070   RAV2   AT2G44730   HMGB15  WOX14  MYB83   LBD39 LBD38   NLP7  ERF107   ARF18   ARID5   EEL   BBX16  ZML2  NLP6  NLP7   NIR1 UPM1 RFNR2 RFNR1  CNX2  NIA2  NIA1   HAT22   RAV2   GLN1;2  GLN2  GLT1  GLN1;3   ARID5   WOX14   ERF070  BHLH49   MYB73 ERF4   AT2G44730  GATA5 ARF9   NF-YB13   DREB26   ERF107  ARF18 DREB2A HMGB15 GBF2 Letter reSeArCH mutant of NPF6.3-displayed changes in its RSA that were dependent on genotype and on genotype-by-nitrate conditions (Figs. 2, 3c) . Similarly, nlp7-1 and hmgb15-1 plants displayed larger root systems, with genotype-dependent changes in their RSA (Figs. 2, 3d , e). bbx16-1 plants had larger root systems under limiting nitrogen conditions (Figs. 2, 3f) . Conversely, the myb29-1 mutant had increased lateral root length, lateral root density and total root length under sufficient nitrate, in a manner that was dependent on genotype-by-nitrate conditions (Figs. 2, 3g ). By contrast, the erf107-1 and rav1-2 plants showed a genotype-dependent decrease in the size of traits related to their lateral roots, in both nitrate conditions (Figs. 2, 3h, i) . The gnc mutant showed decreases in lateral root length that were dependent on nitrate conditions and on genotype-by-nitrate condition (Fig. 2) . The phenotype of gnc plants differed from that of erf107-1 and rav2-1 plants, in that these latter two mutants did not show any dependence on nitrate conditions. The composite principal component traits provided additional insights into perturbations in root growth that could not be discerned by looking at individual traits (Extended Data Fig. 4, Supplementary  Table 11 ). In these experiments, we determined genes that control nitrogen-associated root length, lateral root development, and lateral root development that is dependent on primary root length, and then overlaid these on the YNM along with genes that regulate primary root length (Supplementary Table 12 ) and lateral root initiation 29 (Extended Data Fig. 5 ).
Given that perturbed RSA was observed in these mutants, we next determined whether the altered nitrogen status of the mutants affected shoot development and the transition from vegetative to reproductive growth (see Methods). Mutant alleles of thirteen genes showed a difference in either rosette size and/or bolting and flowering time (Supplementary Tables 9, 10, Supplementary Data 1, 2). Plants with the arf18-2 allele had a smaller rosette with an increased number of days to flowering, whereas arf18-3 plants showed the opposite phenotype. A change in rosette size was coupled with a change in the time to bolting or flowering for four mutants. arf18-2, arf18-3 and hmgb15-1 showed the most significant changes in both root and shoot system architecture. A significant reduction in both 15 N in rav2-1 plants and in the C:N ratio in nlp7-1 plants was observed (Extended Data Fig. 6 Both mutants have a genotype-dependent influence on LRL at 1 and 10 mM KNO 3 , with an LRL that is longer than that of wild type. chl1-5 also has a genotype-by-treatment influence on LRL. e, The hmgb15-1 allele shows a genotype-dependent influence on LRL relative to wild type, which is similar to nlp7-1 and chl1-5 relative to wild type. f, The bbx16-1 allele has an influence on LRL that is dependent on nitrate condition, with a longer LRL only at 1 mM KNO 3 . g, The myb29-1 allele has an influence on LRL that is dependent on nitrate condition, with a longer LRL only at 10 mM KNO 3 . h, i, The rav2-1 (h) and erf107-1 (i) alleles are both genotype-dependent at both 1 mM and 10 mM KNO 3 , with shorter LRLs. *P < 0.05, two-way ANOVA; exact n and P values for the analysis can be found in Supplementary Table 10 . Box plots are centred at the data median and mark from the 25th to the 75th percentile. Individual measurements are plotted as black dots.
Letter reSeArCH in nitrogen status with perturbation of chlorophyll levels. nlp7-1 and gnc mutants showed significant reduction in their total chlorophyll content, whereas lbd4-1 had increased chlorophyll content (Extended Data Fig. 7 ). Changes in shoot growth in the mutants were significantly correlated with the number of targets each transcription factor had in the YNM (Spearman rank correlation, P < 0.05), as well as with the number of biological processes that these transcription factors putatively regulated (P < 0.05, Supplementary Table 13) . Thus, network connectivity is predictive of the influence of a given transcription factor on shoot growth.
Changes in nitrogen availability are accompanied by changes in transcription 5, 9, 12, 30 . Furthermore, the changes in development of transcriptionfactor mutants under conditions of both limiting and sufficient nitrogen are probably coordinated by perturbations in the underlying transcriptional regulatory network. To link mutant phenotypes with transcriptional changes, whole-genome expression was measured in a subset of mutant genotypes (see Methods, Supplementary Tables 14,  15 ). To provide further support that the YNM reflects the transcriptional regulation of nitrogen-dependent processes in the root, we tested for enrichment of nitrogen-status genes. Genes displaying differential expression in wild-type roots in 1 mM relative to 10 mM KNO 3 were significantly enriched in the YNM (P = 3.94 × 10 −9 ) (Fig. 4a) . Thus, the YNM captures transcriptional regulation of root nitrogen status.
At the level of individual transcription factors, ARF9 and ARF18 alleles showed differential expression of nitrogen-related genes. ARF9 regulates the expression of two direct targets as predicted by the YNM (XERICO and DUR3) as well as NRT2.4, NPF7.3, GLN2 and ASN2. ARF18 regulated expression of three direct targets as predicted by the YNM (NRT2.4, ANAC032 and XERICO) as well as ACS5, DUR3, G6PD3 and AMT1;2 (Fig. 4b) . HMGB15 regulated the expression of one predicted direct target, XERICO (Fig. 4b) . LBD38 is misregulated in the mutants of ARF18, MYB29, RAV2 and HAT22; misregulation of NRT2.4 was found in the mutants of ARF18, HAT22 and RAV2 (Fig. 4b) .
A common mode of regulation in metabolism is metabolite feedback. To test whether feedback is present within the YNM, we curated gene-expression datasets of nitrate transporters and a transceptor, metabolic-enzyme mutants and genotype-by-nitrogen-dependent changes in mutants of previously described transcriptional regulators of nitrogen metabolism (Supplementary Table 16 , see Methods). Upon perturbation of nitrogen transport, sensing and metabolism, genes in the YNM were significantly enriched for differential expression (Fig. 5a ). Thus, a perturbation in nitrate uptake, reduction and the glutamine oxoglutarate aminotransferase cycle results in transcriptional perturbation of enzymes involved in nitrogen metabolism, and their upstream regulators. Genetic perturbation of nitrogen metabolism via the nitrogen-regulatory transcription factors also perturbs more genes in the YNM than expected by chance (Fig. 5a ). Clustering analysis revealed targets of this metabolic feedback (Extended Data Figs. 8-10). A core set of enzymes involved in nitrogen metabolismrepresenting nearly every step of nitrate uptake, assimilation and conversion to glutamine and glutamate-were perturbed in most of the metabolic-mutant backgrounds queried. These perturbed genes include NPF6.3, NRT3.1, NIA1, NIR1, G6PD2, G6PD3, RFNR1, RFNR2, ASN1 and the transcription factor RAV2, found in this study (Fig. 5b) . Another cluster includes known nitrogen-associated genes TGA1, NLP7, CIPK8, NRT2.1 and GDH2 (Fig. 5c ). ANR1 is found in a cluster of transcription factors identified in this study, ERF107, ARF18 and BBX16, which are perturbed in the mutant of NLP7 and the double mutant of TGA1/TGA4 (Fig. 5d ). Similar transcriptional-regulation feedback on several of the transcription factors characterized in this study (RAV2, ERF107, ARF18 and BBX16), in addition to previously established nitrogen-status regulators (LBD38, LBD39, TGA1, NLP7 and LBD38 in 1 mM KNO 3 and 10 mM KNO 3 . Each cell represents the log(fold change) relative to the control, as determined using a two-sided test with limmaVoom. *Corrected P < 0.05, (Supplementary Table 15 ). Four biological replicates were sampled per genotype per condition. The YNM indicates the interconnected regulation of nitrogen metabolism: the more important a transcription factor is in regulating growth, the more likely it is to bind to promoters of genes in multiple nitrogen-related categories. The 21 transcription factors we describe here regulate diverse aspects of RSA and shoot development that contribute to how growth is regulated in different nitrogen environments. Transcriptional feedback within the YNM revealed a core set of enzymes involved in nitrogen metabolism, and their regulators. The mechanisms underlying this feedback remain to be determined and may include signalling, metabolite and/or allosteric feedback, or the action of the NPF6.3 transceptor. The identification of these genetically regulated gene expression modules places the genes found in this study within the existing nitrogen-regulatory framework. The transcription factors we identify-in addition to the 'core' set of enzymes involved in nitrogen metabolism-will assist in breeding efforts to generate plants that use nitrogen more efficiently.
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The authors declare no competing interests. Table 2a ). In the case of cloning, promoters were amplified from Col-0 genomic DNA using Phusion Taq polymerase (NEB). Promoters were recombined into 5′TOPO (Invitrogen), fully sequenced and then recombined into pMW2 and pMW3 31 using LR clonase II (Invitrogen). pMW2 and pMW3 constructs were sequence-confirmed. They were transformed into the yeast strain YM4271 as previously described 32 . If constructs were resistant to transformation, they were transformed into the Y1H-S2 strain 22 . Yeast colonies were screened for autoactivation and construct presence. Promoter strains were mated against transcription-factor strains as previously described 21, 22 . Transcription-factor cloning and yeast transformation. Transcription factors were cloned from root RNA extracted using the RNeasy Kit (Qiagen) (Supplementary Table 2b ). Coding sequences were amplified using Phusion Taq polymerase (NEB). Transcription factors were recombined into D-TOPO (Invitrogen), fully sequenced and then recombined into pDEST-AD2μ using LR clonase II (Invitrogen). They were transformed into the yeast strain Yα1867 as previously described 21, 22 . Network construction. Networks were made using Cytoscape v.3.2.0 33 . All cytoscape network files can be found at https://github.com/agaudinier/ Gaudinier2018. Table 2c ), sets of four tDNA lines and a Col-0 control were plated in a random block design on a minimum of twelve 1-mM KNO 3 and twelve 10-mM KNO 3 medium plates, and stratified at 4 °C for two nights. For the RNA-sequencing (RNA-seq) experiment to characterize gene expression in each mutant background, 200-300 seeds per plate were sown on Petri plates with medium containing 1 mM or 10 mM KNO 3 and nylon mesh, and stratified for two nights at 4 °C. Two plates of seedlings per genotype were grown and combined for each biological replicate. Four biological replicates were grown per genotype and treatment. Roots of 9-day-old seedlings were collected from 6-7 h after sunrise and immediately frozen in liquid N 2 . RNA-seq library preparation and pooling of technical replicates. RNA-seq libraries were prepared following the BRAD-Seq DGE protocol 35 . Libraries were sequenced using the Ilumina HiSeq 3000 in SR50 mode. Two technical replicate libraries were created from each RNA sample and after assessing sufficient reproducibility, counts across technical replicates were pooled together. Pooling was performed by summing the counts for the same gene across equivalent replicates. The merged file was subjected to the same quality processing. The number of mapped reads for each biological replicate and correlation of replicates are found in Supplementary Table 14c, d . RNA-seq read processing and differential expression analysis. Before and after read processing, libraries were analysed with FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) to assess the quality of the sequences. We trimmed barcodes from raw reads using fastx-trimmer (http://hannonlab.cshl. edu/fastx_toolkit/index.html) with parameters: -f 9 -v -Q 33. This was followed by adaptor trimming and quality filtering was using reaper, from the Kraken Suite 36 with options: -geom no-bc -dust-suffix-late 10/ACTG -dust-suffix 10/ACTGnoqc -nnn-check 1/1 -qqq-check 33/10 -clean-length 30 -tri 20 -polya 5-bcq-late. Trimmed reads were mapped to the reference genome of A. thaliana (TAIR 10) using bowtie (-a-best-strata -n 1 -m 1 -p 4-sam-tryhard) with subsequent conversion to BAM format using samtools 37 . HTSeq-count was used to obtain raw counts 38 . Differential gene expression analysis was done using limma 39 in R/ Bioconductor 40 , with empirical weights estimated for each observation using the voomWithQualityWeights function. Quantile normalization was used to account for different RNA inputs and library sizes. The linear model for each gene was specified as: log(counts per million) of a particular gene = mutant + treatment + mutant:treatment. Specific contrasts were constructed to compare each mutant to the control, and each genotype × treatment interaction. Differentially expressed genes were selected based on a false discovery rate < 0.05 (Supplementary Table 15 ). Generation of the publically available gene expression profiling datasets for nitrogen-responsive genes. We compiled a comprehensive dataset of publically available gene-expression responses of wild-type plants in response to nitrogen availability in both the root and shoot (GEO accession GSE18984) 9,10,12,15,19, [41] [42] [43] [44] [45] , as well as profiling of nitrogen-status gene expression changes in specific root cell types 9 . Data from ATH1 affymetrix arrays were downloaded from the NCBI GEO database 46 and imported into R using the affy 47 package in Bioconductor. Arrays were normalized using the robust multi-array average (RMA) method. Gene expression was averaged across biological replicates, and then treatment datasets were expressed relative to their appropriate controls (Supplementary Table 5 ). Pearson and Spearman correlations were calculated in R for the treatment and cell-type-specific datasets for all transcription factor-target pairs (Supplementary Table 6 ). Spearman rank correlation analysis of root and shoot phenotypes relative to network connectivity and related metrics. We prioritized transcription factors from the YNM with a Pearson or Spearman rank correlation greater than ±0.5 (for the nitrogen treatment dataset) or greater than ±0.8 (for the cell-type-specific dataset) with their target genes (Supplementary Table 6 ). Spearman rank correlations were calculated in R using rcorr() from the Hmisc package (https://cran.r-project. org/package=Hmisc) for the phenotype traits of transcription-factor mutants, relative to network connectivity and correlation with targets. Data and correlations can be found in Supplementary Table 13 . Generation of the publically available dataset for nitrogen-metabolism mutants and mutants of transcription factors associated with nitrogen metabolism. Affymetrix arrays were read using the affy package in Bioconductor. Agilent and Complete Arabidopsis Transcriptome Micro Array (CATMA) arrays were read with the read.maimages() function from limma; the source option was set to 'agilent' for the former and 'genepix' for the latter. After arrays were read, limma was used for downstream processing, normalization and differential expression analysis. In brief, Affymetrix arrays were normalized using the RMA method. Agilent and CATMA arrays were subjected to background correction and normalization using the functions backgroundCorrect() and normalizeBetweenArrays(). After normalization and filtering, differential expression was analysed using the standard limma approach. NECorr. The starting hypothesis of NECorr is that an important interaction for a stimuli response is that of a regulator acting on one or several hub genes. Hence, hub genes will propagate the systemic cascade appropriate to the stimuli. Thenceforth the dynamics of the molecular network will evolve. This approach ranks transcription factors given several network metrics including betweenness centrality, degree distribution and as a function of their gene-expression similarity 48 . Hub calculation. The first step is a heuristic model, which merges molecular network topology and gene-expression data. NECorr-Hub is a linear model including five parameters: condition or tissue specificity of gene expression, co-expression of interactions across conditions, and the molecular network centralities betweenness, connectivity and transitivity. The rank given to each of these parameters was decided empirically.
Additional information
Both genes of an interaction pair need to be co-expressed in most of the tissues and/or conditions, which shows that they can influence each other. Correlated gene expression was considered as the highest-ranking parameter, followed by gene-expression specificity in the studied tissue or condition. In addition, a high level of connectivity of the gene in the molecular network is required to generate a proper response. Connectivity can be defined in several manners: betweenness, degree connectivity and transitivity were chosen as the most meaningful centralities to define gene importance as a hub.
Based on the ranking, each parameter weight was estimated using the analytic hierarchy process (AHP) 49, 50 , a multiple-criteria decision analysis method. The AHP is applied through the R package pmr (https://cran.r-project.org/package=pmr). The importance of the five parameters is generated by pairwise comparisons. Hence, this leads to an adjacency matrix of pairwise weight importance. From this adjacency matrix, Eigen vectors are calculated to assign a weight to each parameter. The AHP method is applied as follows. Each gene is ranked for the five parameters above. Each ranked parameter is standardized in values between Letter reSeArCH 0 and 1 (z-score), to obtain data with the same scale. For each tissue and/or condition, the parameter weights are applied as factors of a linear model that is used to prioritize hub genes.
For condition 1: Ranking condition1 = w 1 × IntSig + w 2 × TS + w 3 ×BetC + w 4 × Cot + w 5 × Trs, in which IntSig represents the interaction significance (coexpression significance in the interaction involving the gene), TS represents tissue specificity (selectivity), BetC represents betweenness centrality, Cot represents connectivity centrality and Trs represents transitivity. The weights are defined as
To rank the interactions in the molecular network for a given condition, the average ranking of the two genes defining this edge is taken. When several conditions are evaluated, the gene ranking between conditions can be done by averaging each condition ranking. NECorr-Hub parameter estimation. Molecular network topology centralities are obtained using the R package iGraph (https://cran.r-project.org/package=igraph). Co-expression analysis (or the significance of each interaction) was estimated using a Rcpp script to evaluate the Gini correlation coefficient related to each interaction. The Gini correlation coefficient was previously shown to be an effective method for detecting transcription-factor activity 51 . The co-expression significance for each gene is evaluated by averaging the magnitude of the correlation from all the interactions containing this particular gene using Fisher's method 52, 53 .
The genes with tissue and/or condition specificity (or selectivity) are detected using the intersection-inion test (IUT) with a relaxed threshold (raw P = 0.5) (https://cran.r-project.org/package=igraph) 54 . The tissue and/or condition-selective genes or tissue and/or condition-excluded genes are assigned for each specific tissue and/or condition within a set of samples. These genes attributed to a tissue and/or condition are fuzzy owing to the low selection threshold of the gene in IUT; a gene could therefore appear in a different tissue or condition as selective or excluded. Second, these selected genes are ranked for their tissue selectivity or exclusion using the tissue specificity index 55 . We define both a positive and negative TSI:
The negative tissue specific index measures the extent to which a gene is excluded from a tissue or condition:
The results for TSI measurements are merged to obtain a ranking of all the tissue and/or condition-selective or -excluded genes defined from IUT test. NeCorr rankings can be found in Supplementary Table 7 .
Code. The NECorr source code is maintained in GitHub: https://github.com/ warelab/NECorr. Mutant line selection. The mutant lines acquired for this study represent most of the top-ranked and intermediate-ranked genes that were deemed interesting for having important binding targets (Supplementary Tables 10, 11) . Root phenotyping data collection and analysis. Traits measured included PRL, LR and LRL. Additionally, composite traits were considered, including total root length (TRL = PRL + LRL), average lateral root length (ALRL = LRL/LR), lateral root density (LRD = LR/PRL) and the percentage of LRL contributing to TRL (LRL/TRL) as well as the partitioning of variation across these mutants relative to wild type, using principal component analysis of all RSA traits 56 (Supplementary Data 1). Plates were scanned using the V750 scanner. Primary roots and lateral roots of 9-day-old seedlings were traced using a Wacom Bamboo tablet in ImageJ. Data were log-transformed and analysed using ANOVA in R. Using a two-way ANOVA, three phenotypic categories were considered: genotype effects in both nitrogen conditions (genotype-dependent), genotype effects in only one condition (nitrogen-condition-dependent) or genotype by nitrogen condition-dependent effects (P < 0.05, Supplementary Data 2). The extent to which lateral root traits are uncoupled from PRL is not clear 57 , thus an additional ANOVA model was used that included PRL as a factor-with the hypothesis that lateral root emergence or elongation may be dependent on PRL. As expected, composite traits extracted from the principal component analysis were significantly correlated with a number of RSA traits (P < 0.05, Extended Data Fig. 4, Supplementary Table 11 ). The scripts for analyses can be found at https://github.com/agaudinier/Gaudinier2018. All ANOVA tables can be found in Supplementary Data 2. A summary of the statistics can be found in Supplementary Table 13 . Principal component analysis. Mutant and wild-type controls were plotted in R using the prcomp() function. The loadings for each principal component (PC1-PC3) in the mutant and wild-type sets were analysed using ANOVA in R. The script for the analysis can be found at https://github.com/agaudinier/Gaudinier2018. All ANOVA tables can be found in Supplementary Data 2.
Shoot phenotyping data collection and analysis. Plants were photographed at 15 and 22 days old. ImageJ was used to analyse rosette size. Bolting and flowering days were recorded. Rosette-size data were log-transformed, and for bolting and flowering day a reciprocal transformation was used and analysed using a two-way ANOVA in R. All ANOVA tables can be found in Supplementary Data 2. A summary of the statistics can be found in Supplementary Table 13 . Chlorophyll extraction and analysis. Full rosette leaves were measured for their chlorophyll content index using the CCM-200 plus (Opti-Sciences). Chlorophyll measurements were done by collecting supernatants of discs from nlp7-1, chl1-5 and Col-0 (control) leaves extracted in two extractions of 80% HEPES-buffered ethanol heated to 80 °C and one extraction of 50% HEPES-buffered ethanol. Absorbance for the supernatant was measured at 652 and at 665 nm. Total chlorophyll was calculated as chlorophyll = 22.12 A 650 + 2.71 A 665 , according to a previously published method 58 . To test for the presence of genes in the YNM that are significantly differentially expressed, a Fisher's exact test was used to test for enrichment in R, using the standard function fisher.test(). For this, we queried whether the overlap of YNM-predicted genes that overlap with differentially expressed genes was greater than differentially expressed genes that did not overlap with YNM genes; as a background, we used genes that were not differentially expressed. We performed this test for every contrast, which means that the groups of genes changed between each test but the absolute number of total genes remained the same.
Quantification
To test for enrichment of various pathways, a list of CPK-NLP7-dependent genes 6 , a list of primary-root developmental genes (Supplementary Table 12 ) and lateral-root developmental genes 29 , and a list of hormone-responsive genes 59 were queried. A Fisher's exact test was used to determine whether the proportions of genes from these datasets were enriched in the YNM. The background for the CPK-NLP7 test includes all genes in the Arabidopsis genome that are not part of the YNM. The background for the root development and hormone tests includes all genes on the ATH1 affymetrix microarray that are not part of the YNM. Transcriptional feedback of nitrogen metabolism enzymes and regulators. To test whether any feedback is present within the YNM, we curated whole-genome expression datasets in mutants of nitrate transporters or a transceptor, or metabolic enzymes (GEO accession GSE10786) 44, [60] [61] [62] [63] (NPF6.3, the double mutant of NIA1/NIA2, GLU1, NRT2.4 and the triple mutant of GDH1/GDH2/GDH3 (Supplementary Table 16) ). The expression of genes in mutants of previously described transcriptional regulators of nitrogen metabolism (ANR1, NLP6, NLP7, BZIP1 and the double mutants of TGA1/TGA4 and NLP6/NLP7) that show changes in gene expression dependent on genotype-by-nitrogen conditionrelative to wild type-in a genotype-by-condition analysis was also considered (GEO accession GSE6824) 13, 15, 19, 23 (Supplementary Table 16 ). Enrichment was calculated as above. We tested whether the overlap between differentially expressed genes within the YNM was greater than differentially expressed genes which did not overlap with genes in the YNM. Each microarray study was analysed independently. Clustering analysis of transcriptional feedback on YNM. k-means clustering was performed using the presence or absence calls of significantly differentially expressed genes that were differentially expressed in at least one of the contrasts; if a gene predicted by the network was significantly differentially expressed, we assigned it a value of 1, and if it was not significantly differentially expressed we assigned it a value of 0. Genes with 0 across all contrasts were not considered for the analysis (not differentially expressed in any condition). In short, the algorithm used was to calculate the Euclidean distance of the binary matrix (dist function in R), then to obtain the principal components of this distance using a correlation matrix (princomp function in R with cor = T) and select the scores for the first two components. We then calculated the clusters based on these two first principal components, and a selected value for k.
The number of clusters (k) was selected by analytical and empirical analysis: the 'elbow method' looks at different values for k and their relationship with the within-cluster sum of squares, in which the optimal value is that at which the line starts to plateau. We then tested different values for k within a threshold given by the elbow method and selected that in which biologically relevant clusters were observed. Identification of the dominant pattern in transcription-factor mutants of nitrogen-responsive genes in the root. Data in each mutant background was filtered for genes that were significantly differentially expressed owing to nitrogen treatment in wild-type plants (wild type 1 mM versus wild type 10 mM) Letter reSeArCH (Supplementary Table 18 ). The expression of each of these genes was obtained by taking the difference in log(FC) between the effect of nitrogen on each of the mutants (that is, arf18-31 mM versus arf18-3 10 mM) and the wild type (wild type 1 mM versus wild type 10 mM). Dominant patterns of expression were then identified using a previously published algorithm 64 (with parameters set as follows: minExpFilter = FALSE; minVarFilter = FALSE; fuzzyKmemb = 1.04; alreadyLog2 = TRUE). The choice of number of clusters was set to kChoice = 7. Clustering of genes, the expression of which changes upon variation in nitrogen availability in the wild-type root, revealed that these mutants have similar perturbations in nitrogen-associated gene regulation (Extended Data Fig. 9 ). Sources for mutant alleles. The sources for the mutant alleles displayed in 
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